The resilience of coastal communities becomes a critical issue of the social-ecological system adapting to impacts from hazards on coastal well-being. This paper formulates a framework integrating typhoon destructive potential and social-ecological system from a perspective of coastal resilience. Typhoon destructive potential is interpreted using the Power Dissipation Index as a metric. We use the distributional models in geographic information systems to identify the spatial hotspots of high Power Dissipation Index along the coast of Mainland China. Furthermore, we evaluate the community resilience in all identified hotspots with place-based indicators within five potential dimensions (Social, Ecological, Institutional, Economic, and Safety). Though the results show no significant long-term trends in the typhoon destructive potential, statistically significant interdecadal variations are identified in different hotspots during 1949-2014. The resilience assessment results reveal that ecological (predisaster defense) and safety resilience (postdisaster support) are critical issues in achieving coastal community resilience. We argue that improving the ecological stewardship (having great predisaster defense) and adopting integrated approaches contribute to resilience enhancement, providing opportunities to support all the dimensions of community resilience via improving the social-economic-ecological nexus. The integration of typhoon destructive potential and social-ecological system helps to achieve Sustainable Development Goal 13 through risk-informed decision-making. The results from this study have important policy implications for local-scale planning incorporating place-based indicators.
Introduction
Many coastal countries are facing devastating typhoon-associated hazards leading to fatalities and severe damage to societal well-being (McCaughey et al., 2018; Reed et al., 2015; Sakai et al., 2017) . The grave consequences of these disasters appear to be more critical in developing countries as compared to developed ones due to ill-equipped management and lack of appropriate disaster-related information (Carleton & Hsiang, 2016; McCaughey et al., 2018; Zscheischler et al., 2018) . Recently, coastal communities are becoming more prone to extreme typhoons-winds of >33 m/s (Mei & Xie, 2016; Peduzzi et al., 2012) . ©2019 . The Authors. This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any medium, provided the original work is properly cited, the use is non-commercial and no modifications or adaptations are made.
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Key Points:
• Spatial hot spots of typhoon destructive potential are identified using the PDI as a metric to strengthen future typhoon risk analysis frameworks • We propose integrating typhoon destructive potential with social-ecological systems to improve community resilience • The study informs community resilience management through human-climate solutions assuring coastal sustainability
Supporting Information:
• Supporting Information S1 Although the frequency of typhoons is uncertain in space and time, they are likely to observe a shift toward higher intensities in the near future (Knutson et al., 2010) . Therefore, coastal areas are of primary concern when assessing coastal resilience, especially under the current and future projections of a changing climate (Woodruff et al., 2013) .
Considering the increasing impacts and damages from landfalling typhoons, the variability of typhoon hazards at different spatial scales attracts attention of researchers, policy makers, and governments to reduce these impacts (Brundiers, 2018; Gao et al., 2014; McPhillips et al., 2018) . The spatial-temporal analysis of hazards can progressively help to reduce these impacts. While the temporal analysis can reveal the trends in hazard potential, the spatial distributions can aid the proper measures and prioritization process for resources allocation. Moreover, a resilient social-ecological system (SES) can help reduce the impacts of these hazards substantially (Adger et al., 2005; Yun et al., 2017) . The SES here refers to the set of different components (e.g., social, economic, and ecological) of a place, through which communities contribute in shaping/transforming the environment. Numerous researchers have addressed the spatial-temporal variance of typhoons and its impacts on vulnerabilities and resilience of SES. A few researchers have attempted to integrate typhoon activity and SES to inform future coastal planning (Liu & Chan, 2017; Prajal et al., 2017; Tessler et al., 2015; Wood et al., 2015) . These processes are highlighted in the Sustainable Development Goal (SDG) 13, which emphasizes strengthening community resilience to natural disasters focusing on local planning and management (Prajal et al., 2017) .
Local communities, as integral parts of the SES, are directly suffering from typhoon-related impacts. Due to the lack of integration among typhoon activity and the coastal community resilience (Cinner et al., 2018; Cremades et al., 2018; Rahmstorf, 2017) , little information is available to coastal planners and decision makers to take appropriate actions. Therefore, in this study, we evaluate the typhoon hazard via analyzing the trends and spatial patterns in its destructive potential and link it with the resilience of SES in coastal communities. The destructive potential of typhoons is explained using Power Dissipation Index (PDI) of landfalling typhoons (discussed in Section 2 in detail). Resilience is taken as a complementary attribute of the SES at any given scale that uses strategies of mitigation/adaptation to improve traditional risk management rather than serve as a substitute for risk management (Linkov et al., 2014) . Our proposed framework will enable the systematic spatial-temporal modeling of typhoon activity in different geographical regions and help evaluate targeted communities within areas of interest. Moreover, it will facilitate planners with evidence-based information for resilience enhancement frameworks.
This study takes the coastal regions of Mainland China (Figure 1 ) as a case study since it is associated with the most active tropical cyclones (TC) basin in the world (Hashimoto et al., 2016) . China's coastal areas are exposed to approximately nine landfalling TCs each year, which impact about 250 million people and an average annual loss of US$1 billion (Elliott et al., 2015; Xu et al., 2013) . Some of the most severe typhoons in China's recent history include Nina in 1975 , Bilis in 2006 , and Rammasun in 2014 (Liu et al., 2009 . These typhoons affected the well-being of coastal population creating severe pressure on the socialecological resilience of coastal communities (Global Disaster Outlook, 2017) . Typhoon Nina in 1975 was the most severe typhoon in Mainland China affecting 12 million people, causing a death toll of 25,000 people and 10 billion Chinese-Yuan (RMB) in terms of total economic loss (Liu et al., 2009) . In 2015, about 5.655 million people in the coastal areas of Mainland China were affected from Typhoon Sudiro with a 13.77 billion RMB direct economic loss, mostly due to storm surge (Wu et al., 2017) . Recently, Typhoon Meranti (landed in Xiamen, Fujian Province) in September 2016 and Hato (landed in Hong Kong and Macau region) in 2017 resulted in more than 11.7 billion RMB and 27.2 billion RMB of direct economic loss and affected 2.5 and 0.74 million people, respectively, as reported by the Hong Kong Observatory (https://www.hko.gov.hk). Hence, it is imperative to make coastal communities resilient to reduce typhoon-associated impacts.
Study Design and Methods Applied
A research framework is formulated to integrate geographic information system (GIS) with the evaluation of typhoon activity and extend it to investigate the resilience of coastal communities for risk-informed coastal planning. The proposed framework combines geostatistical analysis tools with spatial distributional models in a GIS environment to identify the PDI-based spatial hotspots of typhoon destructive potential. The entire research framework contains three work modules ( Figure 2 ). The first module contains data acquisition and 10.1029/2019EF001226 preprocessing of landed and formed typhoons along the coastal areas of Mainland China . The second module is designed to identify the hotspots of typhoon activity using GIS-based spatial models. The third module deals with the community resilience assessment of these hotspots against landfalling typhoons. This is established employing 24 resilience indicators within five potential dimensions of SES (supporting information Table S1 ). See methods section (section 2.1) for details on these modules. The implications for risk-informed decisions and policy-making are discussed for resilience enhancement and achieving certain SDGs. . These categories vary from 0 to 6, representing TCs from weaker than a tropical depression to a super typhoon along with extratropical cyclones represented by 9. The maximum sustained wind in this data is 2-min mean maximum sustained wind (m/s). This study excludes the category 0 TCs as the intensity of these storms is some time unknown and can therefore affect the results ( http://tcdata.typhoon.gov.cn/en/zjljsjj_sm.html.) To differentiate the typhoons-winds of >33 m/s-that made landfall (center of a typhoon crossing coastline; Liu & Chan, 2017) and those that stayed away from the coast, the raw data (TC observation locations) are transformed into vector tracks using ArcGIS desktop package. The annual number of landfalling typhoons is obtained from these tracks.
To reduce the subjectivity, a homogeneity test is applied to the whole data using 10,000 Monte Carlo simulations with a significance level of 5% for Pettitt's test and 99% confidence interval for Buishand's homogeneity test (Petrović, 2007) . The Pettitt's test shows that the homogeneity lies in the whole data with a p = 0.074. This is also complemented by the Buishand's test with a p = 0.09. After that, the Mann-Kendall trend based on San's estimation is applied to the data set of landed typhoons (1949-2014) with a significance level of 95% to check if there is any significant trend in the data set (Romanić et al., 2015) . The trend analysis shows that there is no significant overall trend in the data set of landed typhoons where p = 0.169.
Temporal Analysis of Typhoon Activity
Among different approaches commonly used for the evaluation of typhoon activity, the number of Tropical Cyclones, the Accumulated Cyclone Energy index, and the Power Dissipation Index (PDI) are widely adopted as metrics (Knutson et al., 2015; Woodruff et al., 2013) . In this study, following several other studies, we use the PDI (reflecting the typhoon's total dissipative power over its life) to explain the typhoon activity, which is a well-recognized parameter to characterize its destructive potential (Barcikowska et al., 2017; Emanuel, 2005; Guan et al., 2018; K. S. Liu & Chan, 2017; Villarini & Vecchi, 2013) . The PDI metric integrates intensity, duration, and frequency characteristics of a typhoon (Emanuel, 2005; Knutson et al., 2015; Mohapatra & Vijay Kumar, 2017; Villarini & Vecchi, 2012) . One must note that the PDI metric is directly related to the maximum wind and does not account for the radial wind distribution, which may affect regions differently. Furthermore, it is noted that it does not entirely reflect the damage done to communities by water (e.g., storm surge driven flooding). However, as the typhoon wind is one of the key factors for storm surge and there exists a correlation between the maximum sustained wind and the storm surge height, if other factors such as coastal relief and geomorphology are ignored, the PDI reflects the storm surge activity in general (Gao et al., 2014) . Therefore, we use PDI to explain the typhoon destructive potential in this study. The authors recognize several limitations of assessing the typhoon activity using PDI. These limitations and possible future research directions are discussed in supporting information Text S1. 
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As defined by Emanuel (2005) , the PDI value can be calculated by the sum of the cube of the maximum sustained wind at each 6-hr observational location and is given as follows:
where V max represents the maximum sustained wind speed and τ is the total duration of the typhoon record.
In this study, we use the landfalling PDI for temporal analysis, which is calculated at the time a typhoon made landfall or the closest six-hourly observation to the coastline (Guan et al., 2018) . Later, an annual accumulated PDI (APDI) is calculated through summing the PDIs of all the typhoons in a specific year for a certain region. Therefore, the APDI depends on both the typhoon intensity at the time of landfall and the frequency of landfalling typhoons in a specific year (Liu & Chan, 2017) . The APDI is calculated for each year during the study period .
For long-term temporal analysis of typhoon destructive potential during 1949-2014, we use linear correlation of each APDI series with time at 90% confidence. Further, we use a regime detection algorithm from Rodionov (2004) to identify the regime shifts of frequency and APDI in a given time series. In this algorithm, the Student's t test detects a significant deviation in the successive running averages with a definite cut-off length (Liu & Chan, 2017; Rodionov, 2004) . We analyze the regime shifts with the 90% confidence and a cutoff length of 10 years to assess the interdecadal variations.
Spatial Analysis
For the spatial distribution of typhoon destructive potential, we focus TCs that are categorized as typhoons (≥32.7 m/s) or above due to their devastating impacts on communities in coastal regions. It is noted that the typhoons before 1980 (prior to the satellite era-particularly geostationary satellites) are not included in this spatial analysis due to the uncertainties in the tracks, which might affect the spatial distribution of PDI and the hotspots. As the aim of the spatial analysis is to highlight the areas of Mainland China where high PDI is clustered, all the six-hourly observations on the land are used for this analysis, and the PDI is calculated for each six-hourly point. Due to shortness in the data, we bin the observations in a 5-year interval for the whole study period . This allows short-term geographical changes to be captured in the PDI.
We begin with a spatial pattern analysis and choose spatial autocorrelation using Global Moran's I statistic to assess whether the PDI is spatially clustered, dispersed, or randomly distributed along the coastal regions of Mainland China. To find the spatial heterogeneities in the PDI and to find the regions where high and low PDI are clustered, we use a Getis-Ord Gi* statistic-based Hot-Spot Analysis tool in ArcGIS. This tool provides z scores and p values for each observation and identifies statistically significant (i.e., 90%, 95%, and 99% confidence) clusters of high and low PDI, which are termed as hotspots and cold spots, respectively. Hence, the hotspot in this study is defined as the geographical area where high PDI is found to be clustered-with a 90% confidence or above-in a given 5-year period. While the six-hourly observations are discrete points, the administrative regions are spatially continuous. Therefore, it is imperative to have spatially continuous distribution of the PDI. Hence, we employ a widely used geostatistical method (Kriging) to interpolate the PDIbased z scores from Hot-Spot Analysis. This results in a continuous surface presenting the geographical distribution of hotspots and cold spots of typhoon destructive potential (supporting information Figure S1 ). The spatial analysis is applied to both each 5-year bin during 1980-2014 and for the whole study period to map the short-term and long-term spatial distributions, respectively.
Resilience Evaluation in Coastal Communities
Landfalling typhoons could affect less resilient coastal communities, particularly in the hotspot regions. Therefore, the assessment of resilience in these communities is desirable for disaster risk reduction and preparedness for the future. The present study compiles a set of indicators on the basis of resilience analysis in a typhoon-specific setting (Burby et al., 2000; Cai et al., 2016; Cutter et al., 2008; Norris et al., 2008; Sajjad & Chan, 2019) . These indicators from the SES are categorized under five potential dimensions including ecological, economic, social, institutional, and safety (supporting information Table S1 ). These five dimensions are the acknowledged elements in grasping the multidimensional notion of the resilience of the SES against natural hazards (Cai et al., 2016) . The data on all the resilience indicators are retrieved from the National Bureau of Statistics of China (http://www.stats.gov.cn) and the provincial statistical yearbooks. Due to the differences in magnitude and dimension among all the data sets, each indicator is normalized using minmax standardization (Cutter et al., 2014; Twinam, 2017) .
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The standardization process transformed the values of each indicator within the scope of 0 and 1. A wellrecognized statistic, Cronbach's Alpha, is employed to assess whether the entire set of indicators reflects the abstract concept of resilience. This reveals a low-to-moderate level of interrelatedness among resilience indicators (alpha = 0.44), which is an acceptable value for developing the resilience composite index (Cutter et al., 2014; Cutter & Derakhshan, 2018) . Using the standardized indicators' scores, an average score is calculated for each dimension. Finally, a composite index is developed for each region based on the sum of the scores of different dimensions of the SES. This composite index score is used to assess the overall and comparative resilience of different provinces. The higher the score a province achieves, the higher the resilience status of that province. Note, however, that we use a single snapshot time period (2015) in this study for resilience assessment. This cannot predict the long-term resilience as it cannot capture the temporal trends that may be vital. However, the current study assumes that the resilience properties are already in the place prior to the landfall of a typhoon, and hence, a static snapshot is worth capturing for an overall view, which can be used in future studies as the baseline resilience (Cutter et al., 2010) .
Furthermore, we apply a multivariate analysis using the partial least squares (PLS) regression method to identify the key variables based on their contributions to the resilience formulation. We choose this method due to its better performance to handle the multicollinearity and large number of predictors (in our case 24) as compared to conventional ordinary least squares method (Khaledian et al., 2017) .
Results
Exploring Typhoon Destructive Potential: High PDI Hotspots in Mainland China's Coastal Region
The spatial autocorrelation analysis shows statistically significant (95% confidence) geographical clustering of high PDI throughout the study period (1980-2014; supporting information Table S2 ). The spatial distribution of these clusters is presented in Figure 3 and supporting information Figure S2 . The long-term (1980- Figure 3 . Power Dissipation Index-based spatial patterns of typhoon destructive potential for coastal regions of China: (a) short-term analysis (2010-2014) and (b) long-term analysis for complete study period . The warmer color indicates hotspots of high destructiveness of landfalling typhoons. See supporting information Figure S2 for additional maps of different time durations . The typhoons before 1980 (prior to the satellite era-particularly geostationary satellites) are not included in this spatial pattern analysis due to the uncertainties in the tracks, which might affect the spatial distribution of hotspots. The values represent the ranges of predicted z scores calculated by geostatistical method (Kriging).
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2014) hotspot analysis identifies coastal regions of southeastern China as the clusters of high PDI (supporting information Figure S2 ). The spatial analysis results show short-term variations in the geographical distribution of the PDI (Figure 3a and supporting information Figure S2 ). Moreover, southern provinces such as Hainan, Guangxi, and Guangdong have repeatedly been the hotspots of high PDI throughout the study period. Recently, Hainan province and southern coastal parts of Guangdong and Guangxi provinces have become the hotspots of high PDI. Notably, this region has also been a hotspot of high PDI on a long-term basis (Figure 3b ), making the communities of this part of the coastal region more vulnerable to typhoons. Although the southern provinces such as Hainan, Guangxi, Guangdong, and central provinces (Fujian and Zhejiang) have the majority (>70%) of landed typhoons (Figure 1) , the recent hotspots of high PDI are only in the most southern region along China's coast (Figure 3a) .
The results for long-term temporal trend analysis of APDIs using linear correlation are presented in Figure 4 . No statistically significant trends are found in the APDIs of most of the hotspot regions. Only the time series of Guangxi's APDI shows a possible increasing trend (94% confidence). However, the climatological PDI of Guangxi is comparatively lowest (see Guangxi in Figure 4) . Besides, the increasing regime shifts (inter-decadal variations) are identified for all the hotspot regions except Hainan, which experienced a downward regime shift (90% confidence; Figure 4 ). The analysis for the whole region (five provinces combined) also shows no statistically significant trend in the APDI, although an upward regime shift is identified recently. This implies that, overall, no statistically significant global or local increasing trends in the APDI are observed for the coastal regions of Mainland China during the study period. 
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Community Resilience to Landfalling Typhoons
Based on the community resilience evaluation of high PDI hotspots, Guangdong province achieves the highest resilience score (3.13 out of 5), followed by Zhejiang (2.91 out of 5) and Fujian (2.63 out of 5; supporting information Table S3 ). The resilience in Guangdong province is comparatively higher because of the higher score of 3 out of 5 dimensions (Ecological, Economic, and Institutional), as shown in Figure 5 and supporting information Table S3 . Overall, most of the hotspots of high PDI achieve a lower score for ecological and safety dimensions. The ecological dimension, being good natural defense (Sajjad et al., 2018) , is comparatively weakest in Hainan (score 0.29 out of 1) making it highly vulnerable and strongest in Guangdong (0.64 out of 1)-making it relatively less vulnerable-to typhoon impacts, respectively.
Our results show that a large number of the indicators achieve low score for most of the hotspot regions ( Figure 6 ). The dendrograms further identify two clusters (cluster 1: Fujian, Hainan, and Guangxi provinces; cluster 2: Guangdong and Zhejiang provinces) based on the resilience scores of different coastal provinces (Figure 6b ). It is noticeable that most of the hotspot regions achieve lower scores for seven indicators (i.e., A4, A6, A7, B2, B6, C3, and D3; see supporting information Figure S3 ): three belong to the ecological dimension, two are from the economic, and one each from the institutional and safety dimension (see supporting information Table S1 for the details of these indicators).
More than half of indicators achieve below average scores for most of the (four out of five) hotspot regions (supporting information Figure S3 ). The results indicate a similar situation for almost every province regarding the institutional dimension with higher scores. However, the local fiscal expenditure for public safety (C3 under institutional dimension) is below average in all the hotspots except Guangdong province (supporting information Figure S3 ). The situation for Guangxi provinces is most critical as it achieves below average score for 15 out of 24 indicators particularly within the ecological, economic, and safety dimensions along with an overall smallest score of resilience ( Figure 6 and supporting information Figure S3 and Table S3 ).
Improving Understanding of the Social-Ecological System to Cope With Typhoon Hazards
Overall, most of the indicators of SES contribute positively to community resilience (supporting information Figure S4 ). However, the PLS regression results show that not all the indicators contributed equally in shaping community resilience. Sixteen indicators contributed significantly positive, and three contributed significantly negatively to community resilience (supporting information Figure S4 ). The PLS regression analysis selected 11 indicators out of the list of total 24, which contribute statistically significantly (95% confidence) to community resilience (Figure 7) . Ecological dimension indicators, such as parks and forests, contribute positively to resilience as they shield to coastal communities against typhoon hazards (Adger et al., 2005; Duvat & Magnan, 2017) . Conversely, urban area contributes negatively to form the community resilience because impervious surfaces reduce the infiltration process and influence the water flow during storm surges, a process that can be critical during times of flooding.
Economic and institutional conditions also play an important role in shaping the community resilience. Tourist flows can contribute to economic growth of communities that can lead to widened opportunities to invest more in public safety through local fiscal expenditure (indicator C3 of institutional dimension). A negative relationship between native population (code E1) and community resilience is found as the larger native population provides fewer opportunities for nonnative population to migrate in these areas (Cai et al., 2016 ; see supporting information Figure S4 ). This limits the opportunities to benefit from people with diverse knowledge and experiences.
The safety dimension contributes to the formulation of community resilience but did not contribute significantly into overall resilience as other dimensions. Another important variable is communication status from 
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Earth's Future SAJJAD ET AL. 812 the social dimension (percent population with mobile phone, code-E5), which shows that our finding is in line with the results of Cai et al. (2016) . The results show that an increment in the population with mobile phones helps increase the community resilience. This indicator has been widely used by several resilience indices to present the communication capacity, as it is important for the enhancement of civic interconnections as well as for early warnings during typhoon disasters (Cutter et al., 2014) .
The multivariate analysis also shows an anomaly such as the positive contribution of coastal erosion from the ecological dimension to form the overall community resilience. However, the Very Important Variable Index calculated by PLS regression method eliminates such anomalies and provides a shortened list of indicators ( Figure 5 ). The Very Important Variable Index shows that 11 indicators contributed significantly in shaping the overall community resilience. This shortened list is helpful for future studies to evaluate community resilience in countries with large data constraints. Based on the residual distribution, we are confident to say that the overall model is effective in explaining the key indicators of community resilience (supporting information Figure S5 ). Figure 6 . Heat maps representing the individual indicator score for each hotspot region to form the community resilience within the HS: (a) the original results from the model and (b) the results after applying a clustering method using Euclidean distance to find the similarity between the score of different indicators of the HS. The red color represents the lower score (likelihood of the system to be less resilient against landfalling typhoons) achieved by the regions, and green color represents higher scores achieved by the regions (likelihood of the system to be more resilient against hazards). The dendrograms [in (b)] represent the distance/dissimilarity between clusters. Note that the scores are normalized using min-max scaling method. The data used here is for the year 2015 except the D2 variable for which we use data from 2013.
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Discussion
Typhoon destructive potential and Community Resilience
No statistically significant long-term increasing trend in APDI is identified for most of the provinces and the whole region during the study period ; see Figure 4 ). Despite the overall decrease in landed typhoons (supporting information Figure S6 ), it is noticeable that most of the hotspot regions have experienced increasing regime shifts (90% confidence) in APDI (Figure 4 ). However, regardless of whether the landfalling typhoons have become more intense, the less resilient communities in the identified hotspots are more likely to be affected (Park et al., 2016) . Therefore, enhancing community resilience should be the key consideration for stakeholders and officials. Improving weaker dimensions of SES through proper resource allocation can help in building resilient communities against typhoons in the future. This can effectively contribute toward reducing impacts on societies, economies, and infrastructure (Little et al., 2015) . We support these by performing a place-based evaluation of different dimensions shaping the overall community resilience, as in Clare et al. (2017) and Cutter et al. (2014) .
The coastal communities will most probably experience much more pressure as the strongest typhoons are expected to be slightly more intense in the coming decades due to climate change (Lin et al., 2016; Pennisi & Malakoff, 2017; Reed et al., 2015) . These changes represent an increased threat to less resilient coastal communities from the typhoon hazards. Therefore, actions to support resilience enhancement are essential to cope with these natural disasters. This should be coupled with reducing associated impacts in the identified high PDI hotspot regions. For progressive risk-reduction plans and resilience enhancement strategies, the spatial distribution of typhoon destructive potential must be integrated with human climate actions. These actions include improving different key dimensions of community resilience to climaterelated disasters through optimal resource allocation at local levels. This could facilitate building resilient communities to cope with the current and future shocks from typhoons and associated damages in an effective way. The importance of variables is determined by regression coefficients. If the regression coefficient for a variable is smaller than a significant limit (in our case it is 0.8), then there is a small contribution (insignificant) from that variable to form the overall resilience score.
Improving Community Resilience and SDG Implications
The results from this study are particularly helpful for decision-making and better management of SES in different geographical communities of coastal China. Our results from the resilience assessment-within different SES dimensions-reflect the degree to which coastal communities of China tend to adapt to typhoons (supporting information Table S3 , Figures 5 and 6) . Overall, the ecological and safety dimensions in most of the high PDI hotspot regions are weak and must be given high priority through planning and management of resources at local levels ( Figure 5 ). The ecological dimension is important for predisaster resilience as it is considered a good defense against coastal natural hazards (Arkema et al., 2017; Duvat & Magnan, 2017; Sajjad et al., 2018) , and the safety dimension is of great importance for postdisaster environment. Some examples of ecological enhancements include focusing on increasing vegetation and plow land and better urban land use planning (indicators A5, A4, and A6 respectively). Being an integral component of resilient communities, the improvements in the ecological dimension of communities or adopting ecosystem-based approaches can positively drive the community resilience to typhoons along with providing opportunities to support other key sectors for long-term sustainability (Costanza et al., 2016) . This might help Mainland China's coastal communities enhance their resilience, consequently reducing the impacts as stressed by SDG-13.
The Way Forward
Fostering adaptive capacity via improving the weaker dimensions of SES can progressively contribute to resilience enhancement. We recommend integrated approaches relating the social-economic-ecological understandings to evaluate the resilience of coastal communities at local levels under future projections of typhoon activity and impacts-including wind, surges, and rainfall-due to climate change (Camacho et al., 2017; Shaw et al., 2014) . However, this calls for additional methods exploring the linked socioecological and economic dimensions of community resilience (i.e., quantification of Natural Climate Solutions; Leslie et al., 2015; Ostrom, 2009 ). Managing coastal ecosystems through integrated approaches and quantification of nature-based climate change mitigations can help communities become more resilient in the future (Griscom et al., 2017) . Such integrated approaches are needed to benchmark the community resilience in an individual hazard-based setting for more effective measures.
Moreover, it could be helpful to evaluate the effects of resilience enhancement programs and policies at different administrative levels and time periods. The community resilience, particularly in high PDI hotspots, involves a number of factors, elements, and actions (supporting information Table S1), and each of these implicates human agencies. Therefore, extending the concept of "Natural Climate Solutions" (Griscom et al., 2017) , we propose "Human Climate Solutions"-improving SES through optimal allocation of resources at local levels to support community resilience enhancement and SDG achievement. Based on the findings of typhoon activity and community resilience status of coastal communities of Mainland China, we strongly recommend improving ecological stewardship through human climate solutions using bottom-up approaches, such as empowering communities with essential resources for self-management and adaptation to climate change.
Conclusions
In this study, we propose the integration of typhoon destructive potential with SES for a well-informed future planning of coastal communities. The proposed framework enables us to improve our understanding regarding spatial hotspot distribution of the high PDI. This information is important as well as helpful to evaluate the community resilience in different hotspots and inform the decision makers on weak sectors of the SES. The results outlined that while there is no significant long-term trend, most of the hotspots in coastal regions of Mainland China have experienced an increasing regime shift of typhoon destructive potential during the study period. The resilience assessment results show that most of the provinces achieve low score for overall resilience as three out of five provinces achieve below average scores. The communities in the hotspot regions particularly lack in ecological and safety dimensions of community resilience. We conclude that China's coastal communities situated in historical hotspots of high PDI lack in ecological and safety dimension of the resilience and must be prioritized (through better stewardship) in future planning for disaster risk management.
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